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The advent of next-generation sequencing technologies is trans-
forming biology by enabling individual researchers to sequence the
genomes of individual organisms or cells on a massive scale. In order
to realize the translational potential of this technology we will need
advanced information systems to integrate and interpret this deluge
of data. These systems must be capable of extracting the location and
function of genes and biological features from genomic data, requiring
the coordinated parallel execution of multiple bioinformatics analyses
and intelligent synthesis of the results. The resulting databases must
be structured to allow complex biological knowledge to be recorded
in a computable way, which requires the development of logic-based
knowledge structures called ontologies. To visualise and manipulate
the results, new graphical interfaces and knowledge acquisition tools
are required. Finally, to help understand complex disease processes,
these information systems must be equipped with the capability to
integrate and make inferences over multiple data sets derived from
numerous sources.
RESULTS:
Here I describe research, design and implementation of some of
the components of such a next-generation information system. I first
describe the automated pipeline system used for the annotation of
the Drosophila genome, and the application of this system in genomic
research. This was succeeded by the development of a flexible graph-
oriented database system called Chado, which relies on the use of
ontologies for structuring data and knowledge. I also describe re-
search to develop, restructure and enhance a number of biological
ontologies, adding a layer of logical semantics that increases the com-
putability of these key knowledge sources. The resulting database and
ontology collection can be accessed through a suite of tools. Finally
I describe how the combination of genome analysis, ontology-based
database representation and powerful tools can be combined in order
to make inferences about genotype-phenotype relationships within and
across species.
CONCLUSION:
The large volumes of complex data generated by high-throughput
genomic and systems biology technology threatens to overwhelm us,
unless we can devise better computing tools to assist us with its anal-
ysis. Ontologies are key technologies, but many existing ontologies are
not interoperable or lack features that make them computable. Here
I have shown how concerted ontology, tool and database development
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The arrival of next-generation sequencing technology is transforming biology
by enabling individual researchers to sequence the genomes of individual or-
ganisms or cells on a massive scale[Mardis, 2008]. However, genome sequences
are not in themselves sufficient to uncover the complex relationship between
genotype, environment and phenotype. If genomics is to fulfill its transla-
tional potential and accelerate healthcare outcomes, then sequence data must
be processed, structured, viewed and interpreted in the context of a wide va-
riety of other kinds of information. One valuable experiment-rich source of
such information is research on model organisms, including mouse, zebrafish
and fruit fly Drosophila melanogaster. Even distantly related species can
shed light on complex human diseases – for example, expression of mutant
forms of the α-synuclein gene in a transgenic fruit fly recapitulates some of
the essential cellular phenotypes of Parkinson’s Disease[Feany and Bender,
2000]. If genome sequences and knowledge derived from humans and model
organisms can be systematically combined then we can use data mining to
search for patterns and generate new knowledge about the relationship be-
tween genes, phenotypes and disease.
However, the volume, fragmentation and sheer complexity of this data
presents significant informatics challenges[Tyers and Mann, 2003]. Tradi-
tional knowledge-sources such as scientific journals structure knowledge in a
human-centric way, as a combination of semi-structured narrative text and
images. This has to be re-structured and processed in order to use many
computational methods, but it can be difficult to do this systematically for
complex heterogeneous biological phenomena such as the manifestation of
mutant phenotypes and diseases. Tolstoy observed that “Happy families are
all alike; every unhappy family is unhappy in its own way”. Where model or-
ganisms are concerned, wild-type phenotypes are often alike, but each mutant
genotype manifests its own particular mutant phenotype. This open-ended
variation is a challenge for systematic structured database representations.
A single model organism such as Drosophila melanogaster has a dedi-
cated horizontally integrated database[FlyBase-Consortium, 2002][FlyBase-
Consortium, 2003], populated with a multitude of datatypes such as genotype-
phenotype associations, gene models, gene function and gene expression data.
These databases are complex and expensive to maintain, requiring dedicated
curators[Bourne and McEntyre, 2006], and represent only the tip of the data
iceberg. Each such database is complemented by a wide variety of vertical
domain-specific databases that cut across species boundaries, such as the ma-
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Figure 1: The key challenges of next-generation genomic infor-
mation systems: genome analysis, structuring knowledge, visualisa-
tion/querying/editing and delivery of translational results
jor sequence databases[Benson et al., 1999], expression databases[Parkinson
et al., 2007] and databases of protein-protein interactions[Breitkreutz et al.,
2008]. In addition, there are many specialized databases intended for epi-
demiological data, neural network maps, neurological diseases[Martone et al.,
2004]. The journal Nucleic Acids Research has published articles on a to-
tal of 1170 distinct databases[Galperin and Cochrane, 2008]. All of these
databases are developed by multiple distributed groups employing varying
technologies and data structures, resulting in fragmented data silos. This
is a fundamental obstacle to biology as an information science and the ap-
plication of data mining techniques. Currently, investigators must manually
integrate data themselves, for example by visiting multiple websites[Stein,
2003].
If we are to take full advantage of the wealth of next-generation sequence
data, we need Next-Generation information systems. These systems must be
flexible enough to analyze and combine heterogeneous data and knowledge
across the kingdoms of life from a variety of modalities and sources, from
model organisms through to human disease data. These systems should be
equipped with intelligent inferencing capabilities in order to answer complex
questions posed by researchers, or to discover implicit correlations distributed
across fragmented datasets. These systems must also be able to work together
as part of a larger knowledge cloud, speaking the same language in order to
allow synergistic aggregation of multiple data sources.
The key challenges in the development of next-generation genomic infor-
mation systems can be broken down into four main areas (see Figure 1):
• Genome analysis and annotation. Given a genome sequence, how can
2
we harness computational resources and tools to uncover the location,
structure and function of the biological features encoded in that se-
quence?
• Formal structures for representing data and knowledge. How do we
structure data and knowledge from a variety of sources in a system-
atic form, that allows computers to answer complex queries and make
inferences?
• Visualization and knowledge acquisition. How can we present complex
data to investigators such that they can see important correlations in
the data, form their own hypotheses and contribute their additional
knowledge?
• Hypothesis generation and translational research. How can we mine
multiple data sources and algorithmically generate inferences and hy-
potheses of relevance to human health?
The program of research and development described in this thesis ad-
dresses these challenges.
1.2 Thesis Structure
This thesis is structured around the four key areas, summarised above. Af-
ter this introduction, the background section (section 2) covers the relevant
concepts and literature in each of the four areas. The next four sections
(3 - 6, pages 22 - 48) constitute the body of the thesis, and consist of the
main research results organized according to the challenges outlined above.
Section 3 describes an analysis pipeline devised for the analysis and an-
notation of the Drosophila melanogaster genome, and its application in a
number of Drosophila-centric analyses. Section 4 covers the development
of formal structures for representing complex biological information - an
ontology-centric relational database and the construction or enhancement
of a number of biological ontologies. Section 5 describes the development of
tools to allow researchers to interact with and contribute to these informa-
tion sources. Section 6 concludes the results by showing how the information
systems described in sections 3-5 can be used to explore biological questions
of relevance to human health.
Each of these four results sections are divided into subsections, with each
subsection centered around a publication or group of related publications. I
made contribution to all papers cited in these four sections – if a cited paper
is particularly notable, it is highlighted with an asterisk and accompanied by
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a footnote explaining my contribution (see page ix for a page index of all key
paper citations).
The discussion section (section 7) reviews the results in the context of
current research, and summarizes the impact of some of the key findings, in
the context of ongoing research. Concluding statements are in section 8, and
acknowledgments are in section 9.
Section 10 (page 58) lists all publications cited in the thesis. These are
listed in order of citation, such that all my publications are be listed as
a single contiguous block, corresponding to the four results sections (3-6).




2.1 Genome Analysis and Annotation
2.1.1 The need for accurate and comprehensive genome analysis
The sequence of Drosophila melanogaster was determined in 2000 in a col-
laboration between the public Drosophila Genome Projects and Celera ge-
nomics[Adams et al., 2000]. As the second metazoan to be sequenced, this
was an event of major significance. With the increasing cost-efficiency and
speed of today’s next-generation sequencing technology, the delivery of a
new genome sequence does not merit such fanfare. One challenge that has
remained constant in the intervening decade is in understanding how these
genomes instruct the cell to make the necessary components for the organism
to develop and function. The DNA sequence does not yield this information
readily - first it must be carefully annotated to locate and characterize the
regions containing structures of interest such as genes, regulatory elements
and transposable elements. Accurate annotation is particularly important
for key model organisms such as Drosophila melanogaster, for which there
exists a large body of knowledge derived from experimental research. This
knowledge is invaluable in interpreting the genome.
2.1.2 Pipelines and workflows
Annotating a genome involves combining sequence alignments from programs
such as BLAST[Altschul et al., 1997] and Sim4[Florea et al., 1998], as well as
gene prediction programs such as Genie[Reese et al., 2000] and tRNAscan-
SE[Lowe and Eddy, 1997].
For small DNA regions, researchers can run these programs themselves,
and manually integrate the results. However, this approach is not scalable
to large genomes whose assembled sequence is not yet stable. Automat-
ing the execution and synthesis of multiple sequence comparison and pre-
diction tools requires coordination by a genome analysis pipeline executing
some pre-determined workflow. The workflow specifies dependencies between
tasks, and the pipeline ensures the tasks are executed in the correct order.
Sometimes this involves dispatch of multiple tasks in parallel on multiple
independent processors (Beowulf clusters)[Sterling et al., 1995].
Despite the fact that many genome analysis algorithms fall into the so-
called embarrassingly parallel category, the construction of pipeline soft-
ware is difficult. This is due to a number of reasons - (1) complex inter-
dependencies between analyses (2) the need to be fault-tolerant in the face
of system problems (3) the need to synthesize the total set of analyses into
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a coherent whole and (4) dividing large datasets into manageable chunks.
Unfinished genomes pose additional difficulties, as the genome is still frag-
mented over multiple unstable assembled regions. Additionally, a pipeline
must take care of automatically triggering a new analysis on the change of
an assembled sequence, and of mapping forward existing annotations (some-
times called “lifting over”).
Historically, most bioinformatics workflows have been ad-hoc collections
of scripts written in the programming language Perl[Stein, 1996]. These
can be difficult to extend and maintain. In many cases it is desirable to
allow biologists lacking programming experience to manage, edit and mon-
itor workflows and their execution. One of the first tools to provide this
kind of capability was Clone Curator (Helt et al, unpublished), which was
used in the annotation of the adh region of the Drosophila melanogaster
genome[Ashburner et al., 1999].
2.1.3 Automated and manual annotation
Workflows may be entirely automated, or they may involve expert human
curation. Automated workflows are more scalable to the ever growing num-
ber of genomes (computers are less expensive than trained biologists), but
also more error-prone. The Ensembl analysis pipeline[Potter et al., 2004]
is an example of a scalable system that is used for automated annotation
of multiple genomes. This pipeline is complemented by the Otter manual
annotation system[Searle et al., 2004].
The existence of manually generated annotations based on experimen-
tal evidence is particularly important for model systems such as Drosophila
melanogaster which acts as a source for downstream automated annotations.
2.1.4 The challenges of heterochromatic regions
Like most eukaryotes, Drosophila includes substantial fraction of heterochro-
matic DNA at the telomeres and centromeres. These regions pose particular
problems for both contig assembly and annotation due to the presence of
transposable elements and long stretches of repetitive sequence. The as-
sembled genome sequence of heterochromatin is often in flux compared to
euchromatin, necessitating a dynamic approach to annotation, in which lo-
cated genome structures are frequently mapped forward to new assemblies.
Tools such as RepeatMasker[Smit et al., 1996] can be executed as part of the
pipeline, taking as input DNA sequences, and emitting sequences with repet-
itive regions masked out. This is a necessary preparatory step in the pipeline
for some gene finding and alignment tools. However, this step is usually
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not sufficient to accurately detect all genes and alignments in heterochro-
matin. One reason for this is because transposable elements have inserted
themselves into the introns of the gene, resulting in uncharacteristically long
introns which do not match the gene finders’ trained models.
2.1.5 Comparative analysis
Analysis pipelines also make use of comparative data. Comparisons can
be made between the genome, transcriptome and proteome of the reference
species and multiple additional species. Comparisons at the DNA sequence
typically only make sense for closely related species, but protein conservation
is frequently observed across distantly related species. These comparisons not
only inform the annotation of the genome of interest, but also shed light on
molecular evolutionary processes and history - for example, the gain and loss
of genome features such as introns over time [Stoltzfus, 2004]. We have still
much to learn about these processes, and the growing number of sequenced
genomes can help, provided that accurate experimentally-verified genome
annotations are available.
2.2 Formal Structures for Representing Biology
2.2.1 The need to structure knowledge
Biological knowledge and data is frequently captured using a combination of
natural language and ad-hoc semi-structured data files. This is convenient
for the researchers producing data, as it requires no expertise in data model-
ing or formal knowledge representation. However, this kind of unstructured
representation is far more difficult to compute over. Despite the advantages
made in natural language processing and search engine technology, it is still
difficult or impossible to pose queries to text-oriented search engines such as
“find Drosophila genes whose function contributes to eye development”, or
“what zebrafish mutants exhibit similar phenotypes to Holoprosencepahly in
humans?”. In order for computers to answer questions such as this, we need
to structure knowledge and data in a computable way.
There are a number of approaches one might take for this structuring,
both formal and informal. Here we focus on two complementary formal
paradigms for structuring data and knowledge: Relational Schemas and On-
tologies.
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2.2.2 Relational Databases and Relational Schemas
A relational database is a system for managing and querying data structured
according to the relational model, the fundamental concept of which is the n-
ary relation, a subset of the cartesian product of n domains[Ullman, 1988].
These can also be thought of as tables, with each n-tuple of the relation
constituting a row of the table. A database is a collection of relations, and
the structure of the database is described by a relational schema, a set of
constraints over the set of values for each relation. The Ensembl[Birney et al.,
2004] core schema represents genomic features such as genes and regulatory
regions and their component structures. For example, the exon transcript
ternary relation is constrained to take as arguments: an exon, a transcript,
and an integer denoting relative order of transcription of the exon within
that transcript. This is formally described as:
exon transcript ⊆ E × T × N
Where E and T represent the set of exons and transcripts respectively.
Because relational databases are based on mathematical principles it
is possible to automatically optimize queries. This means that relational
databases can efficiently store extremely large quantities of data, and can an-
swer complex queries within reasonable time constraints. This makes them
extremely useful in bioinformatics, especially where high data volume is con-
cerned.
Relational systems are not ideal for all situations however. One issue is
the cost of schema evolution. Another issue is the lack of expressivity of the
relational model and relational schemas. It is difficult or unwieldy to directly
model complex biological entities such as the full set of genomic feature types
or possible phenotypes of an organism. This is particularly true where type
hierarchies are concerned; for example, if we introduce sub-types of transcript
such as mRNA, tRNA etc.
2.2.3 Ontologies and Controlled Vocabularies
An ontology is a logic-based organizational structure for knowledge[Washington
and Lewis, 2008]. One type of ontology commonly encountered in biology
is the anatomical ontology, a representation of the types of entities mak-
ing up an organism, and constraints on the relationships that hold between
these parts. If ontologies are grounded in logic they can be used for inferen-
tial reasoning[Stevens et al., 2000]; queries for genes expressed in the brain
should return genes expressed in the cerebellum, based on is a and part of
relationships in the ontology (figure 2A).
8
Figure 2: Example ontologies. (A) Subset of the Zebrafish Anatomical On-
tology. Arrows indicate relationships between classes, relationship type de-
noted by single-letter icon (B) Subset of the Gene Ontology. Queries for
genes with products that participate in the cell cycle would return cul-2,
elc-1 etc through logical inference. Taken from Washington and Lewis, 2008
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The term “ontology” is frequently used interchangeably with terminol-
ogy, controlled vocabulary or thesaurus. Whilst there is no widely agreed
upon definition that systematically distinguish between these, typically the
emphasis of an ontology is on a formal, logical structure, intended to be used
by machines for automated query answering and inference. In contrast, the
emphasis of a terminology or controlled vocabulary is on linguistic elements
and human navigation and usage. In practice it can be difficult and unnec-
essary to differentiate; many so-called biological ontologies are in fact hybrid
representational structures incorporating some mix of both terminological
and logic-oriented ontological aspects.
2.2.4 The Gene Ontology
A case in point here is the Gene Ontology (GO)[Ashburner et al., 2000][GO-
Consortium, 2006][Consortium, 2007], which is used to describe the function
and subcellular localization of gene products. The GO consists of some 27,000
interconnected terms divided into three aspects: molecular function, biologi-
cal process and cellular component (see figure 2B). The primary utility of the
GO is in the large corpus of functional annotations - curated associations be-
tween genes and GO terms spanning thousands of species, but most heavily
populated for the main model organisms and human (because of the volume
of experimental data). The GO is ubiquitous in genomic research, and the
large corpus of associations between genes and GO terms is frequently used
in the analysis of high-throughput experiments[Khatri and Draghici, 2005].
The original incarnation of the GO took a deliberately informal approach
as a design choice to avoid the “analysis paralysis”[Lewis, 2004] associated
with formal ontological approaches. This strategy was successful in allowing
the rapid development of a large number of terms and annotations, but the
lack of logical underpinnings limited the computability of the ontology[Smith
and Kumar, 2004].
For example, the GO term negative regulation of cysteine biosynthesis in-
dicates to a human reader that (a) the direction of regulation is downwards;
(b) the process regulated is one of cysteine biosynthesis, and (c) in the regu-
lated process, the output is one of cysteine. However, these facts are stated
in computationally opaque human-readable definitions rather than logical
axioms referencing other ontologies such as CHEBI[Degtyarenko et al., 2007].
2.2.5 Formalization of Ontologies
These observations also held true for a number of other controlled-vocabulary
style biological ontologies. Most of these ontologies lacked formal semantics
10
and computable definitions of the terms used, which limited support for
automated reasoning[Soldatova and King, 2005].
One proposed approach was to recast the GO in the Web Ontology Lan-
guage (OWL), a Description Logic (DL) with formal semantics and built-in
logical constructs for composing descriptive class expressions[Wroe et al.,
2003]. This has the benefit of using mathematical set-oriented techniques
to describe biological phenomena in a way that allows for the algorithmic
detection of subsumption relationships and unsatisfiable classes.
For example, the cellular component mitochondrial membrane could be
represented as the set intersection between (a) the set of all membranes and
(b) the set of things that stand in a part of relation to some member of the
mitochondrion set. There are various DL notations, the most human read-
able being OWL Manchester Syntax[M.Horridge et al., 2006], in which the
above expression would be rendered as membrane and part of some mito-
chondrion.
We can formally define the GO class using an equivalence axiom, as in
the following example:
(Example 1) mitochondrial membrane EquivalentTo: membrane and part of
some mitochondrion
Another way to view this is as a genus-differentia definition; we are defin-
ing a class based on a genus or general class membrane and one or more
discriminating or differentiating characteristics (being part of a mitochon-
drion).
Using a formalisation such as this allows us to use computational tools
such as reasoners to infer for example that the set mitochondrial membrane
is subsumed by the set organelle membrane (figure 3).
2.2.6 Formalization of Relations in Ontologies
Another factor differentiating a terminology or thesaurus from an ontology
is that the former relates terms loosely in an informal fashion into a semantic
network, whereas the latter uses relations with formally defined semantics.
The original incarnation of the GO was more akin to a semantic network,
with loosely defined relations. This meant that some relations such as part of
were used inconsistently, yielding incorrect answers to queries. This was also
true of other emerging biological ontologies, such as anatomical ontologies.
In addition, the use of relations was inconsistent across as well as within









Figure 3: Venn diagram illustrating set-theoretic view of GO. Circles denote
sets whose extensions are cellular component instances. Dotted arrows de-
note set restrictions over the part of relation; e.g. all members of the set
part of nucleus must be part of a member of the set nucleus. The diagram
shows that the set intersection membrane ∩ part of mt is necessarily a subset
of the set intersection membrane ∩ part of organelle (grey). These subset
relationships can be inferred automatically if the ontology defines classes in
terms of set intersections.
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Figure 4: Screenshot of ontology editor view of Cell Ontology (CL). Taken
from Bard et al, 2005.
2.2.7 Anatomical Ontologies
The complete set of tissues and components in an organism (its anatome)
has to be organized in a computer-comprehensible way to support systems
biology[Bard, 2005]). Anatomical ontologies are required for, amongst other
things, specifying the location in an organism in which genes are expressed.
Two of the key challenges in developing anatomical ontologies are granu-
larity and variation between species. At finer levels of granularity we see less
variation which means we typically have a single ontology serving multiple
species. The GO cell component ontology is applicable across all kingdoms,
as is the Cell Ontology(CL)[Bard et al., 2005]. However, ontologies of gross
anatomy such as the adult mouse anatomical ontology (MA)[Hayamizu et al.,
2005] typically serve a single species. This creates a problem for translational
research - data from one organism cannot be readily compared against data
from another organism without extensive ontology mappings . These map-
pings are error-prone and expensive to maintain, especially as the number
of species increases. This interoperability problem is compounded when we
have multiple anatomical ontologies serving one organism, each built accord-
ing to different principles, as in the case of the adult and embryonic mouse
ontologies[Baldock et al., 2003].
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2.2.8 Models and Ontologies for Phenotypes
The inherent variation in mutant phenotypes poses problems for ontologies
which attempt to capture all possible combinations in advance, such as the
Mammalian Phenotype (MP) ontology[Smith et al., 2005a]. The MP is an
example of a pre-composed ontology, like the GO. This means that every
phenotype is represented by a single atomic named class, composed in ad-
vance of annotation. This leads to a lot of repetition and redundancy, as can
be seen when we consider the cross-product of orthogonal sets of ontology
classes:
(Example 2)
{increased, decreased} × {lung, brain, ...} × {size, weight, ...}
In the MP we see classes like increased lung size, increased lung weight, ...
composed in advance. Anatomical terms such as lung are referenced implic-
itly - i.e. they are visible to a human but opaque to a computer (without
unreliable string-matching techniques).
The perceived problems of pre-composition led to an alternative model
in which classes from different ontologies are dynamically combined (post-
composition to compose descriptions, making use of a core Phenotypic And
Trait Ontology (PATO) of phenotypic attribute-value qualifiers[Gkoutos et al.,
2004]. This model was called the Entity-Attribute-Value (EAV) model[Gkoutos
et al., 2005a][Gkoutos et al., 2005b] (figure 5).
There were a number of problems with the original specification of the
EAV model. The model was specified informally, which could lead to different
incompatible implementations. There was no agreed-upon exchange format
or syntax. There was no mapping between EAV structures and MP pre-
composed structures. Finally, the EAV employed a mix of a data model or
schema and ontologies, but did not specify the interaction between the two.
This meant that two different implementations could give wildly different
answers to the same question.
2.2.9 Relationship between the relational model and ontology lan-
guages
Relational databases and ontologies are complementary paradigms for rep-
resenting biological information. A conventional account is that relational
schemas are for storing data and that ontologies are for representing knowl-
edge. This is a useful guideline but in practice it can be difficult to apply
14
Figure 5: Proposed EAV schema from Gkoutos et al, 2005.
a hard and fast distinction between data and knowledge, and there is fre-
quently confusion about whether to model at the relational schema level or
the ontology level.
In fact relational databases and ontologies are both examples of formal
structures that can be represented in first-order predicate logic (FOL). FOL
can be used as a unifying framework One drawback is that FOL has certain
computational properties such as undecidability that make it less attrac-
tive to use in practical next-generation information systems. However, there
are subsets of FOL such as Horn logic (also known as logic programs) that
have better computational properties. It is possible to map a fragment of
description logics such as OWL to logic programs[Grosof et al., 2003], and
logic programs largely subsume relational databases[Draxler, 1991]. Logic
programs are therefore a reasonable candidate for providing a unified view
over relational databases and ontologies, and this approach has been used
successfully in the neurosciences[Gupta et al., 2003].
Logic Programs also subsume a class of formal grammars called Definite
Clause Grammars (DCGs)[Clocksin and Mellish, 1981]. Formal grammars
can be used to specify the generation and parsing of sequences of symbols
from a collection of production rules. They have been used in fields as di-
verse as natural language processing and RNA secondary structure predic-
tion[Holmes and Rubin, 2002]. In the context of the Chomsky hierarchy
of expressivity[Chomsky, 1959]), DCGs are at least as expressive as Con-
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text Free Grammars. Implementations include the XSB deductive database
system[Sagonas et al., 1994] and SWI-Prolog[Wielemaker, 2003].
2.3 Visualization, Presentation, Knowledge Acquisi-
tion and Querying
2.3.1 Motivation
Once data has been structured according to database schemas and ontologies
the next challenge is to present this data to researchers in meaningful ways,
ways that allow them to hone in on data of interest and to detect correlations
that would have been occluded had the data been in some other form. In
some circumstances it is also desirable to give researchers the ability to create
or modify annotations.
2.3.2 System architecture
In this day and age it is generally not acceptable for researchers to be forced
to manually download all data onto their local machine before they can query
it. Modern systems generally have some form of client-server architecture,
with the bulk of the data residing on the server, and the researcher viewing
a portion of this data on a client machine or application.
2.3.3 Traditional client-server
With a traditional setup, the user interacts with the data via a desktop
application which they install and download on their local machine. This
application takes care of communicating with a remote server using some
protocol to read or write data.
This type of client-server setup has a number of disadvantages. There
is an additional burden on the researcher, in that he or she must install
and keep up to date their copy of the application, which discourages casual
serendipitous browsing. There is also in general no way of going from a view
of an entity such as a gene in one application to the corresponding view of
the same gene in a different application.
An example of this setup in bioinformatics was the ACEDB system[Stein
and Thierry-Mieg, 1999].
2.3.4 Web interfaces
The advent of the web fundamentally changed how researchers accessed data.
Many biological databases could be accessed via a web-based interface that
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did not require the installation of any desktop software beyond a standard
web browser. With the standard web-based architecture, the servers would
do the majority of the work, and generate static representations of the page
that are sent to the web browser to be rendered. This resulted in a more
static experience, but this was sufficient for many database interfaces.
The UCSC genome browser [Kent et al., 2002] is an example of a sophis-
ticated visual web interface to complex data. The UCSC browser allows for
scrolling and zooming along a genome sequence, with features such as ex-
ons and introns indicated via glyphs. Each user action results in the server
rendering an image which is delivered to the web browser.
The development of Java applets allowed for a more interactive experi-
ence typically required for visually demanding applications such as genome
viewers. Two early java applets for genome browsing were BioViews[Helt
et al., 1998] and GeneScene[Lewis et al., 2000].
Applets were in some ways a reversion to pre-web style architectures, as
they abandoned the hyperlink as the primary means of navigation. This
and a number of other problems lead to them being used less commonly in
modern applications.
2.3.5 Next-generation interactive web interfaces with AJAX
Historically desktop applications have been viewed as offering a richer expe-
rience with greater interactivity, whereas page-oriented web interfaces offered
a more static experience. However, this view is now changing with the advent
of richer web application technologies and frameworks such as AJAX (Asyn-
chronous Javascript and XML), characterized by familiar web applications
such as Google Maps and GMail.
2.3.6 Distributed architectures
In general it is not convenient for researchers to download large datasets to
their local machine and browse the data there. There needs to be some kind
of distributed architecture, involving protocols for client software to commu-
nicate with data servers. An example of such a protocol in genomics is the
Distributed Annotation Server (DAS) protocol[Dowell et al., 2001], which is
tailored for the retrieval of genomic features of interest within a given range.
A more generic architecture is the Common Object Request Broker Architec-
ture (CORBA)[Vinoski et al., 1997], which allows the exchange of structured
data across a network.
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2.4 Hypothesis Generation and Translational Research
2.4.1 Motivation
Integrating genomic data with other kinds of related experimental data in
formal logical structures with advanced visualization and query interfaces
provides researchers the ability to browse the data to find information they
need.
We can go one step further and use data-mining techniques with next
generation information systems to generate and explore hypotheses.
2.4.2 Identification of sequence variants involved in disease
The dbSNP[Sherry et al., 2001] database has over 12 million unique hu-
man sequence variants. Assaying every possible variant for association with
diseases or adverse phenotypic affects is prohibitively expensive in terms of
time, labor and reagents. A common strategy is to assay a subset of sequence
variants which we have some evidence for disease association. For example,
genome variants that change conserved amino acids are more likely to be
disease-causing[Botstein and Risch, 2003].
The Online Mendelian Inheritance in Man (OMIM)[Hamosh et al., 2005]
resource is a collection of 19,000 semi-structured records describing genes and
inherited diseases. OMIM is a rich and well-curated resource, but unfortu-
nately much of the valuable information is textual rather than structured.
This applies to both the descriptions of the sequence variants and to the
phenotypes themselves.
Model organisms provide a valuable source of candidate genes. Costello
syndrome is a neuro-cardio-facio-cutaneous developmental syndrome result-
ing from mutations in the H-RAS gene. If mouse H-Ras is mutated in the
orthologous position the phenotype recapitulates the disease[Schuhmacher
et al., 2008]. Spontaneous models can be identified by comparing phe-
notypes in animals with human disease phenotypes - for example, the fat
aussie mouse has phenotypes similar to human Alstrom syndrome which is
caused by ALMS1 variants[Collin et al., 2002], and indeed further investiga-
tion showed that fat aussie was associated with mutations in Alms1[Arsov
et al., 2006].
These examples for identifying animal models of disease relied on knowl-
edge of the genetic basis of the human disease, but there are many human
diseases for which it is not yet known. If a researcher could compare human,
model organism and even ancestral phenotypes directly, they would have a
mechanism to more rapidly identify candidate genes and models of disease.
18
2.4.3 Ontologies and data mining
Ontologies are key technologies for data mining. One technique is to use
a subset of an ontology (sometimes called a slim)[Lomax, 2005]) and map
all annotations to that subset. For example, on completion of functional
annotation of a genome, map all genes into a set of pre-defined high-level
categories.
Another technique is term enrichment[Boyle et al., 2004]. Here, a col-
lection of annotated entities (such as genes up-regulated under certain ex-
perimental conditions) is tested for statistical enrichment across the whole
ontology.
Ontologies can also be used to measure similarity between annotated
entities - for example, comparing two genes based on their GO annotation
profiles[Lord et al., 2003][Pesquita et al., 2007][Pesquita et al., 2009].
One limitation all these techniques have in common is that they have
all been evaluated on the GO, and are not extensible to post-composition
style annotation. This means that they can be used for comparing genotypes
based on annotations to a pre-composed ontology such as MP, but not to
annotations that use combinatorial models, such as the EAV model or OWL
class expressions.
2.5 Background Summary
There are numerous technical challenges in the design and implementation
of intelligent next-generation genomic information systems. These systems
must be able to coordinate and integrate interdependent data transformation
workflows across multiple connected processing units. The results must be
integrated into flexible and expressive databases and knowledge bases that
allow comparison across many different data types. Ontologies are key to
data integration, but many ontologies are insufficiently developed or lack key
features that allow them to be used for inference. Sophisticated data archi-
tectures will be required, as well as biologist-friendly knowledge acquisition
and dissemination applications.
Finally, in order for the needs of translation research to be served, it will
be necessary to develop and apply new analysis methods that use ontolo-
gies to perform data-mining across complex heterogeneous datasets spanning
multiple species.
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Figure 6: An example illustrating composition of nodes from graph cross-
product. DAG cross-product example. In this example, a DAG whose nodes
represent colors is crossed with a DAG whose nodes represent shapes. The
result is a DAG whose nodes are colored shapes. Every combination is rep-
resented, so there are eight nodes in the result. From Hill et al 2002.
2.6 Historical Context
Many of the results described in thesis related directly or indirectly to knowl-
edge representation and in particular, ontologies. Biologists and bioinfor-
maticians have been rapidly developing and using ontologies over the past
decade, this adoption has been ad-hoc, and has largely ignored developments
made my computer scientists working in isolation biologist users. Many of
these fledgling bio-ontologies made use of the same simple structure and file
formats as the GO (see section 2.2.4), rather than the more advanced descrip-
tion logic languages and accompanying tools. One reason for this situation
may be that the perceived difficulty in using these tools, whereas there was
already a community of biologists making use of the GO. Coupled with the
runaway success of the GO, and the perceived lack of demand for more ad-
vanced tooling, this perhaps led many biologists to ignore developments in
theoretic and computational aspects of ontology engineering.
In fact, the simple data structures used for these ontologies turned out to
be a technological “local minimum”. For example, early on in the develop-
ment of the GO, bioinformaticians realized that development of the ontology
was sustainable only if algorithmic techniques were adopted to help automate
construction of the ontology - the so-called “cross-product” approach[Hill
et al., 2002]. The abstract idea is captured in figure 6 which shows the com-
position of colored shapes from orthogonal color and shape graphs, and the
example below shows a subset of the cross-product obtained by combining
an elemental developmental graph with an elemental anatomical graph:
20
(Example 3)
{development,morphogenesis, growth} × {lung, brain, heart, bone, limb...}
In fact the approach was in part an independent re-invention of Formal
Concept Analysis (FCA) and Description Logic class-intersection constructs.
For example, the grey triangle at the top right corner of 6 could be repre-
sented by a DL expression:
GreyTriangle ≡ Triangle uGrey
Furthermore, description logic reasoning procedures can be used to au-
tomatically generate the full graph subsumption hierarchy. Unfortunately,
the GO researchers were not immediately aware of this branch of computer
science, and the computer scientists were not immediately aware that the bi-
ologists had a problem they could help with (although this was later pointed
out, e.g. in [Wroe et al., 2003]).
Part of the challenge in engineering and using ontologies effectively is
understanding enough of the biological problem and the computer science
state-of-the art to bring the two together effectively. This is the background
for many of the results presented in the forthcoming sections.
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Figure 7: GadFly Analysis Pipeline for release 3 of Drosophila genome. Re-
produced from Mungall et al, 2002
3 Systems for the Analysis of Genomic Se-
quences
3.1 An integrated computational pipeline and database
to support whole-genome sequence annotation
We created the GadFly automated annotation system primarily for the analy-
sis and re-annotation of the Drosophila genome[Mungall et al., 2002]*1. The
input for the system is a collection of genome sequences (either whole chromo-
some arms or smaller assembled regions), external sequence data (genomic,
transcriptomic or proteomic, in the same species or other species, both closely
and distantly related) and a configuration file. The output is a collection of
genome annotations collated and synthesized from the runs of a number
of gene prediction and sequence similarity tools. Figure 7 shows the data
sources and analyses used in the annotation pipeline.
GadFly incorporated a number of innovative features:
1. One of the first general-purpose configurable bioinformatics pipelines
to exploit Beowulf clusters to run multiple jobs in parallel on multiple
processors
2. highly configurable and allows biologists to configure workflows through
a workflow specification language
1Peer reviewed publication in Genome Biology
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3. the results from multiple individual analyses could be combined using
an algorithm called to Autopromote which combines multiple analyses
using voting networks into a single coherent gene models with alter-
nately spliced transcripts.
The GadFly system and successor systems was used for a number of an-
notation projects, described in the rest of this section.
3.2 Annotation of the Drosophila melanogaster euchro-
matic genome: a systematic review
The GadFly system was used in the analysis and re-annotation of The Drosophila
melanogaster genome[Misra et al., 2002]*2. The re-annotation yielded large
benefits in improved gene models, finding additional exons, UTRs and splice-
forms in the majority of genes, splits and merges of genes models, as well as
entirely new protein coding genes.
My contributions included selection and configuration of analysis software
used, setting of curator rules, and investigation of complex gene models. The
latter includes nested, trans-spliced and dicistronic genes, as well as cases of
tandemly repeated overlapping genes.
3.3 Heterochromatic sequences in a Drosophila whole-
genome shotgun assembly
In attempting to apply the same methods to heterochromatin, we discovered
that gene finders and alignment programs failed to find the outermost exons
of many heterochromatin genes, even after masking out repetitive regions
because of the uncharacteristically long introns.
Our solution was to go beyond simple repeat-masking. We excised and
condensed the repetitive elements to fixed-length sequences, resulting in dra-
matically improved alignments and gene predictions, illustrated with genes
such as rolled gene[Hoskins et al., 2002].
Heterochromatin is difficult to assemble due to the high levels of repetitive
sequence. It took a number of years for us to finally finish the sequence and
publish the full analysis[Smith et al., 2007a]*3.
2Peer reviewed paper in Genome Biology. My contribution was in the automated
genome analysis and in-silico experimental design
3Peer reviewed paper in Science. I devised the system used for data analysis and data
management, and carried out the Gene Ontology analysis
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3.4 Assessing the impact of comparative genomic se-
quence data on the functional annotation of the
Drosophila genome
We performed a comparative analysis, looking in depth at 8 genomic regions
from 4 Drosophila species[Bergman et al., 2002]. This required an extension
of the GadFly system to perform a TBLASTN analysis of the other genomes
against the newly annotated Drosophila melanogaster peptide sequences.
The results revealed that the gene models were highly conserved, which
helped us improve the exon-intron annotations in Drosophila melanogaster.
The exon-intron structures themselves are highly conserved, with only one
case of intron gain.
3.5 Large-scale trends in the evolution of gene struc-
tures within 11 animal genomes
We had previously performed a protein-centric comparative analysis of 3
model organisms and human[Rubin et al., 2000]. Using some of the tools
developed for the analysis of Drosophila we analyzed 11 animal genes, this
time focusing on the change in exon-intron structure over evolutionary time,
and the correlation with protein sequence changes[Yandell et al., 2006]*4.
This work involved extracting genome annotation data from GenBank, much
of which was inconsistent or missing data. We developed a tool for inferring
implicit genome annotations from GenBank records, which we contributed
back to the open source BioPerl project[Stajich et al., 2002].
Our results indicated that change in exon-intron structure is gradual and
largely independent of protein sequence evolution. This indicates that gene
structures can be used as a way of exploring deep homology.
Figure 8 shows correlation in orthologous intron lengths between Drosophila
melanogaster and 5 other insect species. With 5 million years until the last
common ancestor, intron lengths are highly correlated. As we move back in
time until 63 million years ago (the most distantly related Drosophila species
in the set) we see intron lengths becoming less correlated. At 250 million
years ago the correlation is lost, as can be seen in the comparison with the
malaria mosquito, Anopheles gambiae.
My contribution to this work included the database analysis and develop-
ment of software libraries. This research also made use of software developed
in tandem with a new relational database system called Chado.
4Peer-reviewed paper in PLoS Computational Biology. I contributed to the experimen-
tal design, and I devised and implemented the software and analysis pipeline
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Figure 8: Intron lengths and evolution. Taken from Yandell, Mungall et al,
2006
4 Formal Structures for Representing Biol-
ogy
4.1 Chado: An ontology-based modular schema for
representing biological information
We developed a modular ontology-oriented relational database schema called
Chado[Mungall et al., 2007a]*5. This schema was designed as a standard
model to be used across multiple projects and application tools spanning
multiple species.
This schema was innovative in a number of respects:
1. Modular Design. Instead of being a monolithic system, Chado used
inter-related schema modules, with each modules representing a differ-
ent sub-domain of biology. The core module is the sequence module
for representing genes and genomic features.
2. Formal graph-theoretic structures for representing the relationships that
hold between genomic entities and their derivatives (see figs 9 and 10).
3. Hybrid relational-ontology design. Chado has an extensible, flexible
under-constrained relational structure and uses ontologies for the bulk
of the modeling, making Chado a hybrid relational-ontology system.
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Figure 9: Example Chado Location Graph. Left panel shows visual depiction
of gene location on contig. Right panel shows the LG diagrammatically.
Inferred edges are indicated with dashed lines. Reproduced from Mungall et
al, 2007
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Figure 10: Example Chado Feature Graph. (a) visual depiction of gene
model with alternately spliced gene. (b) Feature Graph. Reproduced from
Mungall et al, 2007
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Figure 11: A section of the Sequence Ontology showing how terms and re-
lationships are used together to describe knowledge about sequence. Repro-
duced from Mungall Journal of Biomedical Informatics [SO] 2010.
At the core of Chado is the sequence module, for representing genomic
sequence features, as well as functional annotations made using the Gene
Ontology (GO). Chado also includes modules for expression data, phenotypic
data, phylogenetic data as well as others contributed by members of the wider
community.
The Chado sequence model is deliberately minimal, and delegates the
representation of feature types and relationships to an ontology.
4.2 The Sequence Ontology
We developed the Sequence Ontology (SO), a standard collection of feature
types together with the relationships that can hold between them[Eilbeck
et al., 2005]*6.
The SO is a formal structure consisting of a class hierarchy of feature
types, together with the relationships that hold between instances of these
types (see figure 11). The SO is intended to be use as a type system in the
Chado database, as well as in exchange formats such as GFF3, thus avoiding
the rigidity associated with typing at the schema level. The SO also serves
as a source of terminological information, with definitions and synonyms for
each of the major feature types.
The original incarnation of SO combined both molecules and sequences,
sometimes confusing the two. The ontology was structured primarily along


















Figure 12: (A) Rule for inference of existence of intron and its genomic
position based on consecutive order of exons (B) rule for the inference of
pseudoknots based on connectivity relationships as defined in RNAO. Taken
from Mungall 2009 (LNCS)
mereological ground, using the part of relation. In order to better charac-
terize genomic features we enhanced the ontology, adding new relations, in-
cluding genomic relations based on the Allen Interval Algebra[Mungall et al.,
2010a]*7. As part of this work we also clearly delineated one-dimensional se-
quences from their corresponding molecules and their properties, leading in
part to the formalization of an ontology of RNA molecules[Batchelor et al.,
2009]8.
Many of the axioms we would like to add go beyond what can be expressed
in ontology languages such as OBO or OWL. For example, given two exons
that are transcribed in succession (using a relation such as exon transcript, as
defined in the Ensembl datamodel), we should be able to infer the existence
of an intron in between these two exons (see figure 12A). Logic programs
are an alternative basis for expressing these kinds of rules[Mungall , 2009]9.
These rules can be extended from linear DNA sequences to RNA secondary
structures, as shown in figure 12B.
7Peer-reviewed paper in Journal of Biomedical Informatics, in press
8Published as conference proceedings, currently being expanded into a full journal
article
9Conference proceedings, published in Lecture Notes in Computer Science
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Relation Transitive Symmetric Reflexive Antisymmetric
is a + - + +
part of + - + +
located in + - + -
contained in - - - -
adjacent to - - - -
transformation of + - - -
derives from + - - -
preceded by + - - -
has participant - - - -
has agent - - - -
Table 1: Some properties of type-level relations in the OBO Relation Ontol-
ogy. Note that type-level adjacency is non-symmetric. Taken from Smith et
al, 2005.
4.3 Relations in Biomedical Ontologies
One problem with the many nascent biological ontologies was informal and
inconsistent use of relations such as is a and part of . We created a rela-
tion ontology (RO) to promote interoperability of ontologies and to support
automated reasoning[Smith et al., 2005b]*10.
Each relation can have formal properties such as transitivity and reflex-
ivity (see table 1).
The RO makes a formal distinction between type-level and instance-level
relations. Type-level relations are defined in terms of the instance-level ones,
and type-level relations may have different formal properties from their in-
stance level counterparts. For example, adjacency is symmetric on the in-
stance level, but not on the type-level (consider: every nucleus is adjacent to
some cytoplasm, but not every cytoplasm is adjacent to some nucleus).
One important feature of the RO is its treatment of time, an aspect
missing in many description logic treatments of biological ontologies.
4.4 Obol: Integrating Language and Meaning in Bio-
Ontologies
Just as a biological sequence contains latent meaning that can be elucidated
by pattern matching, terms from ontologies such as the GO contain patterns
that can be extracted computationally. The Obol grammar and inference
10Peer-reviewed publication in Genome Biology . I developed the initial version of the
ontology
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SOBO  → NP
NP1    → NP NP
NP2    → Noun
NP3    → Adj NP
NP4    → NP Tok
PP      → Prep NP
NP5    → NP PP
negative regulation of interleukin-2 biosynthesis
SOBO LEGEND: Exampleparse of a GO term.
Stem phrases
indicated in bold.
Figure 13: Obol parse of the term negative regulation of interleukin-2 biosyn-
thesis using a context free grammar with 5 production rules. Taken from
Mungall, 2004
system was devised to extract latent meaning hidden in terminology-oriented
ontologies such as the GO[Mungall , 2004]*11.
Obol is implemented in Prolog and uses Definite Clause Grammars to
encode production rules for parsing opaque terms such as negative regulation
of interleukin-2 biosynthesis into description logic expressions that reveal
hidden semantics (see figure 13). Obol also includes rules for reasoning over
these structures, using properties of relations defined in the RO. For example,
automatic inference of the subsumption relationship between negative regu-
lation of interleukin-2 biosynthesis and regulation of cytokine biosynthesis.
Obol presented an advance on previous techniques which relied on regular
grammars to do similar tasks. Whist regular expressions have the advantage
of being easily implemented in programming languages such as Perl, they
lack the expressive power to fully capture the nested linguistic expressions
used in GO terms. Obol DCGs are more expressive, at least as expressive as
Context Free Grammars (CFGs).
Obol proved successful at determining the correct structure of many of
the terms in GO. Combined with its built-in reasoning system, Obol was
able to suggest thousands of new links that were subsequently added to the
GO, as well as detecting many errors in the ontology structure or ontology
definitions.
11Conference paper from Bio-Ontologies 2004 subsequently published in Comparative
and Functional Genomics. Whilst this paper was peer-reviewed, it is classified as a con-
ference paper and thus may not count as a full peer-reviewed journal article
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Figure 14: Use of Gene Ontology Cross-Product definitions for reasoning.
Bold line between regulation of peptide secretion and regulation of peptide
transport is inferred by a reasoner. Taken from Mungall Journal of Biomed-
ical Informatics [GO] 2010
More recently, Obol has been extended to work with OWL ontologies and
a wider range of logical class expressions[Vassiliadis et al., 2009]12.
4.5 Cross-product extensions of the Gene Ontology
We have used a combination of Obol and manual curation to generate logical
definitions for 41% of the terms in the GO[Mungall et al., 2010b]*13. These
logical definitions have been partitioned into mutually exclusive sets called
cross-products (XPs). Each XP is a subset of the cross-product between one
of the 3 GO ontologies and another ontology. For example, the term oocyte
differentiation is formally defined using the parent class cell differentiation
from the GO biological process ontology and discriminating characteristics
that reference oocyte in the Cell Ontology (table 2). This term therefore falls
into the BP × CL XP set.
The combination of these logical definitions and the relationships from
external ontologies allow us to use automated reasoners to find the answers
to biological questions and to automatically classify the GO. For example,
we can infer the oocyte differentiation should be an is a child of germ cell
differentiation. Using this strategy we identified and fixed over 2000 links in
the GO. An example of one such fix is shown in figure 14.
12Published as conference proceedings. I wrote the manuscript and supervised the work
13Peer-reviewed paper in Journal of Biomedical Informatics
31
XP Set Size Example Def
BP× BP 606 S phase of mitotic cell cycle S phase AND part of mitosis
BP× BP (regu-
lates)
3529 Regulation of neuroblast pro-
liferation





374 modulation of intracellular
transport in other organism
during symbiotic interaction
interspecies interaction between or-
ganisms AND regulates intracellular
transport AND during symbiosis AND
regulates process in external organism
BP× MF (regu-
lates)
201 Regulation of protein kinase
activity
biological regulation AND regulates
protein kinase activity
BP× CC 476 Mitochondrial translation translation AND occurs in mitochon-
drion
CC× CC 682 Acrosomal membrane membrane AND surrounds acrosome




104 Lipase activator activity molecular function AND regulates li-
pase activity
MF× CC 48 Microtubule motor activity motor activity AND re-
sults in movement along microtubule
BP× CL 544 Oocyte differentiation cell differentiation AND re-
sults in acquisition of features of
oocyte
BP× Uberon 583 Neural plate formation anatomical structure formation AND
results in formation of neural plate
BP× PATO 31 Regulation of cell volume biological regulation AND regulates
(volume AND quality of cell)
MF× Uberon 9 Structural constituent of bone structural molecule activity AND in-
heres in bone
CC× CL 28 Neuron projection cell projection AND part of neuron
BP× CHEBI 3077 L-cysteine catabolic process to
taurine
catabolic process AND has input L-
cysteine AND has output taurine
MF× CHEBI 315 nitrate reductase activity oxidoreductase activity AND reduces
nitrate
BP× PRO 37 Interleukin-1 biosynthesis biosynthetic process AND has output
interleukin-1
Table 2: Gene Ontology cross-products. The set of all equivalence axioms is
divided into individual XP sets denoted A× B. The number of equivalence
axioms in each set is show, together with an example equivalence between GO
term and intersection expression. Taken from Mungall Journal of Biomedical
Informatics [GO] 2010
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These logical definitions can also be used to automatically align with path-
way databases such as Reactome. For example, molecular function classes
can automatically be matched to the reactions they subsume based on the
reaction participants in CHEBI.
This work is part of a larger effort to apply engineering techniques on the
Gene Ontology[Alterovitz et al., 2010].
In many cases we found that the referenced ontology was incorrect and the
links in the GO were correct. We developed an abductive inference technique
for detecting these[Bada et al., 2008]14.
This work demonstrated the importance for GO in coordinating with a
set of orthogonal external ontologies.
4.6 The OBO Foundry: coordinated evolution of on-
tologies to support biomedical data integration
The GO was constructed to serve the needs of functional annotation – as-
signing a gene to categories based on what the gene function is and where it
is localized within the cell when it executes its function. However, the GO
was not intended for representing other biological phenomena, such as where
in the organism a gene is expressed, or what happens to an organism when
a gene is mutated. This requires other ontologies.
The development of these other ontologies had to be coordinated such
that they were mutually consistent. The Open Biological Ontologies (OBO)
library[Ashburner et al., 2003]15 and later on, the OBO Foundry, were created
in order to foster the development of these ontologies[Smith et al., 2007b]*16.
The activities of the OBO Foundry include the publication of a set of
best practices17, including standardized naming conventions[Schober et al.,
2009].
4.7 A Common Anatomy Reference Ontology
We developed a common anatomy reference ontology (CARO) to serve as a
standard framework for all anatomical ontologies[Haendel et al., 2007]18.
14Published as conference proceedings
15Conference paper
16Peer-reviewed publication Nature Biotechnology. I played a key role in the creation





Figure 15: Subset of the Dendritic Cell Ontology. Taken from Masci et
al, 2009. DC, dendritic cell; PDC, plasmacytoid dendritic cell; and LC,
Langerhans Cell
CARO employs a jointly-exhaustive pairwise-disjoint hierarchy classified ac-
cording to structural criteria. CARO is a small ontology consisting of only 46
very general classes such as “epithelium” and “cavitated compound organ”,
but lacks classes for specific cells, organs or systems such as “immune cell”,
“heart”, “liver”, “immune system” “eye” and so on. Instead, these types of
entity are intended to be represented in more specific ontologies such as cell
type ontologies or species-specific gross anatomical ontologies.
4.8 Hematopoietic Cell Types: Prototype for a Re-
vised Cell Ontology
We developed an ontology of dendritic cells[Masci et al., 2009] (DC-CL)
classified according to surface protein expression. This required the creation
of new mereological relations defined using the Gene Ontology cell component
ontology in order to specify the properties of cells in a compact way.
Figure 15 shows a subset of the DC-CL ontology. Table 3 shows a subset
of logical definitions from the ontology.
The methods described here were broadened and applied to hematopoetic






leukocyteCL has high plasma membrane amount CD11cPRO
lacks plasma membrane part CD3PRO
lacks plasma membrane part CD19PRO
lacks plasma membrane part CD34PRO
lacks plasma membrane part CD56PRO
CD11clow plasmacy-
toid dendritic cell
leukocyteCL has low plasma membrane amount CD11cPRO
has plasma membrane part CD45RPRO
has plasma membrane part GR1PRO
lacks plasma membrane part CD11bPRO
lacks plasma membrane part CD3PRO
lacks plasma membrane part CD19PRO
lacks plasma membrane part CD34PRO
lacks plasma membrane part CD56PRO
CD11c-plasmacytoid
dendritic cell
leukocyteCL has plasma membrane part CD45RAPRO
has plasma membrane part CD123PRO
has plasma membrane part CD303PRO
has plasma membrane part ILT7PRO
lacks plasma membrane part CD11cPRO
lacks plasma membrane part CD3PRO
lacks plasma membrane part CD19PRO
lacks plasma membrane part CD34PRO
lacks plasma membrane part CD56PRO
Table 3: Logical definitions for the three most general types in DC-CL.
Adapted from Masci et al 2009
4.9 Representing Phenotypes in OWL
The original EAV database model for describing phenotypes lacked any for-
mal semantics. To remedy this we proposed a way of representing phenotypes
with PATO and OBO ontologies using a Description Logic language such as
OWL-DL[Mungall et al., 2007b]19. This retains the expressivity of the EAV
model, but within a single unified framework.
Each phenotype is represented as a class expression using set-theoretic
operators such as intersection and union. Most phenotype descriptions are
composed using an intersection between a named PATO class and a relational
expression formed using the formal inheres in relation (table 4).
19Conference proceedings, non peer-reviewed
35
Phenotype DL representation
curved wing Curved that inheres in some Wing
photosensitivity Sensitive that towards some Ultra-
violetLight and inheres in some Skin
high permeability of mitochon-




part of some (Axon that partOf
some PyramidalCell that part of
some CA1Field))
Table 4: Representing phenotypes as OWL-DL descriptions. OWL expres-
sions are written using Manchester Syntax. Adapted from Mungall et al
2007.
5 Tools for Visualisation and Knowledge Ac-
quisition
5.1 Web-based architectures for visualising genetic and
genomic data
Once information has been structured according to relational schemas and
ontologies it should be made accessible to researchers in a way that allows
complex queries and visualisation of complex data.
One common way to present information in a database to users is through
a web-based interface. The development of web interfaces can be simplified
and accelerated through the use of templating systems. One such system is
WebInTool[Hu et al., 1996], which is a component of the Anubis interface to
the ArkDB family of genetic mapping databases[Hu et al., 2001]. Anubis is
a web-based graphical interface for visualizing markers on linkage, radiation
hybrid and cytogenetic maps. This interface was innovative in being one of
the first interactive web-enabled graphic map browsers in biology, and also
in the use of distributed architecture and HTTP-based API, similar to the
DAS protocol which followed a few years later. This was later extended to use
CORBA[Hu et al., 1998] with a Java front-end. CORBA had the advantage
of being industry-standard, but proved far more difficult to implement.
The web-based visualization paradigm also proved useful for genomic se-
quence feature data, with development culminating in the Generic Genome
Browser (GBrowse)[Stein et al., 2002]. GBrowse works in conjunction with
Chado (or its predecessor GadFly) or other genome databases.
The GBrowse architecture is shown in figure 16. Figure 17 shows a screen-
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Figure 16: GBrowse Architecture, including GadFly database. Reproduced
from Stein et al, 2002
shot of a region of the C elegans genome in GBrowse.
One of the limitations imposed on GBrowse by the technology of the
time was the delivery of static images to the browser. We implemented a
successor to GBrowse called JBrowse using Asynchronous Java and XML
(AJAX) technology in order to deliver greater interactivity[Skinner et al.,
2009].
5.2 AmiGO: online access to ontology and annotation
data
We developed a web application called AmiGO that allows users to query,
browse, and visualize ontologies and related gene product annotation data[Carbon
et al., 2008]. As well as browsing and querying (see figure 19), AmiGO also
offers term enrichment and an annotation slimmer tool.
This application is constructed on top of the GO Database[Harris et al.,
2004] and forms a critical component of the Gene Ontology online resource[Ashburner
et al., 2001].
5.3 Knowledge Acquisition Tools
We have developed a suite of user interfaces intended for the acquisition of
complex knowledge from experts. These are all implemented as Java desktop
applications.
Apollo[Lewis et al., 2002] is a sequence annotation editor which was con-
structed initially for and used extensively in the annotation of the Drosophila
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Figure 17: GBrowse Screenshot, from Stein et al, 2002
Figure 18: JBrowse architecture, from Skinner et al, 2002. Feature data from
databases such as Chado are converted to JSON NCLists. These are delivered
to the browser, where they are rendered client-side using a JavaScript module
GenomeView.js
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Figure 19: AmiGO screenshot showing genes annotated to negative regulation
of cytolysis. From Carbon et al, 2008
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Figure 20: 3’ UTR of CG9455 overlaps downstream Spn1 gene. Both
genes have Gene Ontology annotations to serine protease activity. Figure
from Misra et al 2002, the screenshot taken from Apollo (Lewis et al 2002)
shows experimental evidence from cDNA alignments to the genome, stored
in GadFly.
melanogaster genome (figure 20).
OBO-Edit is a graph-oriented ontology editor[Day-Richter et al., 2007],
constructed initially for the Gene Ontology, but now used for the majority
of ontologies in the OBO library.
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6 Applications of Next-Generation Informa-
tion Systems in Translational Research
6.1 GO analysis of Plasmodium
We applied tools developed for the GO Database for functional annotation
analysis in the malaria parasite, Plasmodium falciparum[Gardner et al., 2002]20.
These tools used the graph structure of the ontology to “slim” annotations, in
order to provide a high-level whole-genome overview; annotations are prop-
agated up the graph to a predetermined level, and counted, where they can
easily be plotted in a bar chart (see Figure 21).
For example, annotations to the specific term protein import (GO:0017038)
and counted when providing a summary for the high level term transport.
When all the GO annotations in Plasmodium were summed in this way and
compared to Yeast, it showed an over-representation of genes in the cell adhe-
sion and cell invasion categories. This correlates with what is already known
about the Plasmodium lifecycle, and illustrates the utility of the GO and in
particular inferences over the GO graph.
The GO analysis here is limited in that the high-level categories of interest
had to be pre-determined, and there was no estimate of significance of the
enrichment in these categories.
6.2 Genome-wide analysis of human disease alleles re-
veals that their locations are correlated in paralo-
gous proteins
In mining the human genome for disease-causing sequence variants we are
faced with an abundance of potential candidates (dbSNP has over 12 mil-
lion unique sequence variants). We hypothesized that if a sequence variant
is disease-causing, then a variant at the corresponding position in the par-
alogous protein is also likely to be disease-causing. This could allow for
improved sequence variant candidate selection.
To explore this hypothesis we systematically examined the genome-wide
distribution of sequence variants along the lengths of paralogous proteins[Yandell
et al., 2008]*21. In order to do this, we created a database of human disease
genes together with known variants and disease annotations on those vari-
ants. This database employed inferencing techniques to derive amino acid
variation information and class (synonymous, non-synonymous, conservative,
20Peer reviewed paper in Nature. My contribution was the GO analysis.
21Peer-reviewed in PLoS Computational Biology
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Figure 21: classification of P. falciparum genes using Gene Ontology. Repro-
duced from Gardner et al, 2002
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Figure 22: Using sequence similarity to identify variant pairs (taken from
Yandell et al, 2008)
Gene A Variant A Disease A Gene B Variant B Disease B
FGFR2 CX972741 Pfeiffer syndrome FGFR3 CM950470 Thanatophoric dysplasia
JAG1 CD993777 Alagille syndrime FBN1 CM972811 Marfan syndrome
ATP7A CM940140 Menkes syndrome ATP7B CM970138 Wilson disease
ABCA1 CM993803 Tangier disease ABCA4 CM990025 Stargardt disease
CFTR CM940275 Cystic fibrosis ABCC8 CM981883 Hyperinsulism
Table 5: Examples of paralogous pairings of alleles in known disease genes.
Cols 1 and 4 give the gene symbols for two paralogous disease-causing genes.
Cols 2 and 5 give the HGMD IDs of the two variants that comprise the Class
1 pair. Columns 3 and 6 list the diseases most commonly associated with
the two paralogous variants. Taken from Yandell et al, 2008
non-conservative). We also developed methods to match phenotypically char-
acterized genotypes in OMIM with dbSNP variants. We then used BLASTP
to derive candidate homologous pairs and to map variations from the known
disease gene to candidate gene (see figure 22). Our results showed that dis-
ease causing genes preferentially align with each other and that on average,
choosing uncharacterized variations aligned to known disease variants will
enrich 6.6-fold for clinically significant variations.
Table 5 shows some examples of paralogous pairings of known disease
genes. The diseases often exhibit similarity - for example, patients with
Menkes and Wilson disease, for example, both suffer from abnormalities in
copper metabolism and in some cases neurodegeneration.
One limitation of this study is the lack of any quantification of the degree
of similarity between the phenotype pairs of paralogous disease alleles.
43


















Figure 23: Logical definitions for Mammalian Phenotype Ontology classes,
making use of PATO and Cell Ontology (CL). Leveraging external ontologies
means we can use automated reasoners to infer relationships, such as the on
between Purkinje cell degeneration and neuron degeneration. Image taken
from Mungall Genome Biology 2010.
6.3 Integrating Phenotype Ontologies across Multiple
Species
We took four incompatible pre-composed phenotype ontologies and gener-
ated equivalence axioms between the named classes in these ontologies and
simple “Entity-Quality” (EQ) descriptions[Mungall et al., 2010]*22. These
EQ descriptions are a syntactic variant of the OWL class expressions de-
scribed previous (Mungall 2007, see previous section). We created an Obol
grammar that mapped phenotype terms into class expressions and curated
the results. We focused specifically on the Mammalian Phenotype (MP) on-
tology and mapped 72% of the 6844 classes. Figure 23 shows an example
mapping for the class Purkinje cell degeneration.
We validated our results by attempting to recapitulate asserted relation-
ships in MP and the Human Phenotype (HP) ontology using our mappings
and automated reasoning (table 6). We discovered that in the MP over a
third of the manually stated relationships could be inferred automatically.
This demonstrates the benefits of using a formal approach combined with
automated reasoners to partially automated construction of ontologies.
We have worked with a number of groups to help them adopt the EQ
phenotype model described here, including groups involved in systematic
22Peer-reviewed publication in Genome Biology
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HP (human) MP (mouse)
Number of is a relation-
ships asserted in ontology
10,162 7,950
Number of is a relation-
ships that can be inferred
automatically
1,421 2,922




Table 6: Results of using automated reasoning to recapitulate asserted re-
lationships in pre-coordinated phenotype ontologies. Taken from Mungall
2010
mouse phenotyping pipelines[Hancock et al., 2009]23, and clinicians building
ontologies of musculoskeletal system phenotypes[Gkoutos et al., 2009]24.
6.4 Linking Human Diseases to Animal Models using
Ontology-based Phenotype Annotation
We investigated the use of PhenoBlast to identify animal models of human
diseases[Washington et al., 2009]*25. As a first step we manually annotated
12 human disease genes using Phenote, extracting textual information from
OMIM and translating these into formal phenotype expressions using PATO.
This resulted in 1000+ genotype-phenotype associations.
We then compared these phenotypes against the full set of genotype-
phenotype associations from zebrafish and mouse. The mouse phenotype
annotations were from the MGI group and used the Mammalian Phenotype
ontology (MP). We used the equivalence mappings described previously (page
44, Mungall 2010, Integrating Phenotype Ontologies across Multiple Species)
to translate these into PATO-based formal phenotype expressions. The Ze-
brafish annotations from the ZFIN group were already in the correct form.
Finally, we used the Uberon ontology in order to compare across species.
These were all loaded into an instance of the Ontology-Based Database
(OBD) [Mungall, in prep] and the PhenoBlast algorithm [Mungall, in prep]
was used to find similar animal genes to the 12 human disease genes based
on their phenotypic profile (table 7). We also used the same algorithm to
23I contributed to the methods described in this paper
24Conference paper
25Peer-reviewed in PLoS Biology. I contributed to the analysis design, and devised and
implemented all software used
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Figure 24: A phenotype similarity search for mutant phenotypes similar to
zebrafish shha retrieves many known pathway members. Diagram taken from
Washington 2009.
identify potential pathway members of the zebrafish Sonic hedgehog pathway
(figure 24).
Since the genetic basis of human disease is often unknown, this method
provides a means to identify candidate genes, pathway members, and disease
models based on computationally identifying similar phenotypes within and
across species.
46
Table 7: Comparison between human disease genes and closest matches in
model organisms. Highest scoring genes when comparing a human disease
gene versus either mouse or zebrafish, using four different phenotype simi-
larity metrics. Sequence orthologs that are the top hit are in bold. From
Washington et al, 2009
mouse zebrafish
Gene simIC simJ ICCS maxIC simIC simJ ICCS maxIC
ATP2A1 Jph1 Slc25a5 Aldh2
Cisd1
Jph1 ryr1b ryr1b ryr1b ryr1b

















EYA1 Eya1 Eya1 Tbx1 Trps1
Gja1
Msx2
rerea fgf8a rerea axin1
chm
shy
FECH Abcg2 Abcg2 Abcg2 Anapc2
Usp8
tal1 abhd11 kita tal1
PAX2 Rpl24 Maf Mitf Mitf lamb1 sufu pax2a pax2a
flr
axin1
SHH Cdon Ctnnbip1 Alx1 Ift57 rerea fgf8a sox9a sox9a
tfap2a
SOX9 Fgfr2 Ror2 Prrx1 Ror2
Fgfr3
fgf8a cdc16 fgf8a int







TNNT2 Hdac9 Hdac9 Irx4 Hdac9
+20
tied
cx36.7 cx36.7 vmhc acvr1ttna
TTN Myl2 Scn5a Mybpc3 Myl2
Nkx2-5






7.1 Genome Analysis Pipelines
The need for genome analysis pipelines is greater than ever - as of July 2009,
the Genomes Online Database (GOLD) lists nearly one thousand completely
sequenced genomes and thousands more in progress[Bernal et al., 2001]. Since
the initial development of the GadFly pipeline there have been a number of
other systems developed. Taverna has a graphical interface that allows biol-
ogists to create complex interdependent workflows using web services[Oinn
et al., 2004]. Pegasys also includes a similar interface[Shah et al., 2004].
MAKER is less flexible but is tuned for the rapid annotation of emerging
model organism genomes[Cantarel et al., 2008]. Perhaps the most popular
such tool for next-generation sequence analysis is Galaxy[Giardine et al.,
2005].
The advantage of having a graphical interface to construct a workflow
is a major advantage for individual researchers lacking programming skills.
These researchers may have a particular analysis which they repeat regularly
- for this use case a tool such as Taverna is ideal. However, for more complex
pipelines a graphical language is usually not expressive enough, and a Turing-
complete programming language is required. But most existing programming
languages do not parallelize well. One promising approach is to use a rule-
based approach such as UNIX Makefile style production rules augmented
with functional and logic programming constructs[Mungall, Bioinformatics
Open Source Conference 2004 presentation26].
Most of the systems above implement parallelization through the use of
compute clusters. The growth of multi-core processors[Asanovic et al., 2006]
is an opportunity for extracting more computing power from commodity
hardware. However, many algorithms are designed for execution on single-
core machines. Many analysis programs will need rewritten such that they
can be executed in parallel, such as for example by using the MapReduce
algorithm[Dean and Ghemawat, 2004].
7.2 Impact of the Chado Relational Schema and the
Sequence Ontology
The Chado schema was originally devised for FlyBase and has since been
adopted as the core schema of the Generic Model Organism Database (GMOD)




ism Database (MOD) projects (table 8). Chado is also making headway with
more established model organisms and influencing the redesign of aspects of
existing MOD schemas. Chado is also being used as the core database schema
in projects outside the scope of the MODs such as orthology databases and
the modENCODE project and Drosophila neurogenetics[Pfeiffer et al., 2008].
One of the reasons for the widespread adoption of Chado is the flexibility
of the schema in comparison with relatively rigid schemas such as the En-
sembl core schema. Chado has been criticised for “representing the biology
in the applications thereby allowing flexibility in what can be stored but at
the cost of not being able to force applications to be consistent.”[Stoeckert,
2005]. This criticism is valid; consistency in Chado and similar models
such as GFF3 has generally been encouraged through “best-practice” guide-
lines[Eilbeck and Lewis, 2004] and textual definitions in the SO. For example,
the SO states that the 3’ UTR is adjacent to the stop codon. However, this is
not enforced computationally, except in ad-hoc checks in individual program-
ming libraries. Ideally this relationship between the UTR and the stop codon
would be encoded as a logical axiom in the ontology, and this axiom could
be interpreted directly in computer programs both to validate databases in
which both UTRs and codons are explicitly asserted, and to infer the exis-
tence of either UTRs or codons in databases where only one is systematically
asserted.
These axioms could be encoded as a Genome Calculus, incorporating re-
lations based on the Allen Interval Algebra, extended to take into account
phenomena such as reverse transcription and circular genomes[Mungall et al.]
[in preparation]. Preliminary research shows that encoding such a calculus
goes beyond the expressivity of both the relational model and ontology lan-
guages such as OWL, bit within the expressivity of logic programming.
7.3 The growth of biological ontologies
Before the inception of the GO in 1998, very few biologists were familiar with
the term “ontology”. The success of the GO, the simplicity of graph-oriented
model and the biologist-friendliness of associated tools such as OBO-Edit
(formerly DAG-Edit) lead to the creation of a number of other biological
ontologies. Much of this development was actively encouraged by the GO,
because it was obvious that the success of the GO would depend on the
existence of ontologies such as the Cell ontology and the CHEBI ontology for
the generation of cross-products.
The proliferation of ontologies required some kind of mechanism for ensur-
ing consistency and avoidance of redundancy. The Open Biological Ontolo-




modENCODE[Celniker et al., 2009] Drosophila melanogaster, C
elegans
Rubin Lab, Janelia Farm Drosophila melanogaster
neurogenetics[Pfeiffer et al.,
2008]
XenBase[Bowes et al., 2008] Xenopus
dictyBase[Chisholm et al., 2006] Dictyostelium discoideum
VectorBase[Megy et al., 2008] Anopheles, Ixodes scapu-
laris and other vectors
Generation Challenge[Wanchana et al.,
2008]
Crops
parameciumDB[Arnaiz et al., 2007] Paramecium tetraurelia
SGD (phenotype data)[Costanzo et al.,
2009]
Saccharomyces cerevisiae
SGD lite[Dolinski and Botstein, 2005] Saccharomyces cerevisiae
Princeton Protein Orthology
Database[Heinicke et al., 2007]
Multi-species
Sanger Institute, Pathogen
sequencing[Hertz-Fowler et al., 2004]
Pathogens
wFleaBase[Colbourne et al., 2005] Daphnia
BeetleBase[Wang et al., 2006] Tribolium




Table 8: Projects and databases using the Chado Relational Schema. A high
proportion are new model organism databases, but some established model
organism databases are using subsets of the Chado schema for particular
datatypes
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for the development of multiple ontologies such that they form a logical and
coherent whole.
7.4 Formalization of ontologies
Many biological ontologies start out as informal controlled-vocabulary style
resources. The lack of formal axioms limits the ability to which we can
use automated means to build the ontology or to answer questions about
biology using the ontology. Obol was developed as a means of transitioning
controlled-vocabulary style ontologies into logical structures. Obol improves
on other techniques such as perl regular expressions because Obol DCGs
are at least as expressive as context free grammars (CFGs), which are more
expressive than regular grammars.
Obol has been used successfully within the GO to augment the ontology
with additional formal definitions connecting the GO with multiple other
OBO ontologies, and has also been used to augment pre-composed phenotype
ontologies in the same way. Obol is now being adopted by other communities
such as the Plant Ontology Consortium [Jaiswal et al., 2005]. Obol was also
featured prominently in an article in The Scientist [Adams, 2005].
7.5 Querying data: data warehouses, marts and medi-
ators
One solution to the problem of data integration is to build a data warehouse
- typically a denormalized relational database tuned towards answering ques-
tions rather than managing data. Two such systems are BioMART (formerly
EnsMart)[Kasprzyk et al., 2004] and InterMine (formerly FlyMine)[Lyne
et al., 2007]. The InterMine system can be used in conjunction with Chado.
These systems provide a powerful means for researchers to specify complex
queries and get back data in a custom report.
One problem with the warehouse approach is data latency - the warehouse
must be constructed from external sources, a task that is mostly automatable
but still time consuming. This means that querying a warehouse means the
data may not be up to date or in sync with other data in the system. Another
issue is that the databases that are combined are determined in advance,
limiting the types of questions that can be answered.
Ideally different datasources could be combined dynamically at query
time, avoiding data latency issues and allowing a wider range of datasets to be
combined. This is known as the mediator approach or federated database ap-
proach, and groups such as the Neurosciences Information Framework (NIF)
are applying this approach[Gupta et al., 2008].
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7.6 Phenotype ontology based data integration
The original motivation for our phenotype ontology work was biomedical
and translational applications, for example, semantically integrating model
organism and clinical datasets to be able to find animal models for hu-
man diseases[Rubin et al., 2006]. However, the systematic representation
of phenotypes is also vital for the study of evolution. We have been work-
ing with scientists from the National Evolutionary Synthesis Center (NES-
Cent)[Senkowsky, 2007] to encode phylogenetic character state matrices us-
ing ontologies in order to systematically compare across different evolutionary
datasets[Mabee, Ashburner, Cronk, Gkoutos, Haendel, Segerdell, Mungall ,
and Westerfield, 2007]28. One of the most exciting aspects of this preliminary
research is the promise of semantically integrating clinical, model organism
and evolutionary datasets, allowing us to search for potential new model or-
ganisms based on the similarity between evolutionary phenotypes and human
diseases.
7.7 Future Directions
The advancement of the life sciences could be accelerated by the creation
of advanced information systems that are capable of intelligently analysing
and synthesising data and knowledge from multiple sources to generate new
hypotheses. This is a grand challenge requiring coordinated progress in a
variety of areas. Some of the opportunities and potential future directions
for research continuing the work described in this thesis include:
1. Embracing multi-core computing. If we are to maximize use of
forthcoming multicore architecture computing, we need to develop more
intelligent, expressive and flexible analysis pipeline systems. These sys-
tems should also be better integrated into upstream databases, curation
and analyses workflows. Ultimately, these systems should be imbued
with greater autonomy and intelligent inferencing capabilities.
2. A unified formalism for data and knowledge. Databases and on-
tologies are currently poorly integrated. We need systems that subsume
both the relational model and description logic languages that combine
the best of both worlds. Preliminary work (Mungall LNCS 2009) shows
logic programming as one possible paradigm deserving further study.
This could be used as a basis for a Genome Calculus, a formaliza-
tion of the relations and dynamic transformations that hold between
genomic entities.
28I contributed to the writing of the manuscript for this position paper
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3. Applications of enhanced biological ontologies. Many applica-
tions such as term enrichment tools treat ontologies as simple directed
acyclic graphs, ignoring the semantics of edge labels. By equipping
these applications with greater inferencing capabilities, we create op-
portunities for more sensitive and specific analyses. We also need better
tools to allow domain-experts to contribute to and use ontologies con-
taining complex logical axioms.
4. Integration of probabilistic and logical inference. Explore the
gap between statistical data mining and probabilistic modeling and
logic-based ontology formalisms. Initial work on data mining using
ontologies described in this thesis is promising, but this needs to be
placed on a firmer probabilistic modeling basis.
5. Knowledge-driven phenotype studies. Genome Wide Association
Studies (GWAS) have yielded a plethora of new findings, and these
will soon be augmented by data coming from the 1000 genomes project
and other personal genomics and next-generation sequencing sources.
Yet these studies are often inconclusive or difficult to biologically in-
terpret due to the large hypothesis space. By combining these analyses
with systems biology data and detailed phenome resources we can em-
ploy a more knowledge-driven approach, yielding greater insight into
underlying biological mechanisms.
7.8 Historical Context, Revisited
The background material in this thesis outlined the need to bring computer
science research and biological problems together, particularly in the realm of
knowledge representation and ontologies. One of the hindrances has been the
perceived difficulty of adopting more complex representational structures and
tools. The work described in this thesis has attempted to bridge that gap. For
example, the Obol tool (section 4.4) has been used to assist in the migration
of simple terminology-style ontologies to include richer description-logic style
constructs. This was complemented by extensive manual work in translating
biological knowledge into computable form (see for example, subsections 6.3,
4.5 and 4.2).
There are still a number of challenges remaining. The application of de-
scription logic technology has been instrumental in the development, consis-
tency checking and integration of biological ontologies, but has not yet found
a great deal of success in applying these ontologies to answer key biologi-
cal questions. One reason is the lack of scalability over large bioinformatics
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datasets - in part alleviated by using alternative reasoning strategies (see for
example the methods section of the papers in subsections 6.3 and 6.4).
Another reason is the rigidity of purely deductive approaches to question
answering. These only return answers that are guaranteed to be true; to
formulate biological hypotheses we sometimes have to explore possibilities
that cannot be proved to be true. An alternative approach is inductive
reasoning[Muggleton, 1991], which has already been successfully applied in
biological applications[King et al., 2004]. Another approach is meld deductive
reasoning with semantic similarity measures - in subsection 6.4 in showed how
this can be applied to explore relationship between genotypes and phenotype





The key developments in this thesis are as follows:
1. The design and implementation of an automated genomic annotation
pipeline to execute multiple interdependent analysis programs in par-
allel across a compute farm, and to synthesize the results into gene pre-
dictions. We used this system in concert with the Apollo tool to com-
prehensively annotate the Drosophila melanogaster genome, and to ex-
plore questions about the evolutionary relationship between Drosophila
and other organisms on a molecular level. This research is described by
a series of papers in Genome Biology (see in particular Misra Genome
Biology 2002). My primary contribution was the development of work-
flows and databases [Mungall Genome Biology 2002].
2. The specification of a modular database schema for representing ge-
nomic features in the context of the biology of the organism[Mungall
Bioinformatics 2007]. This schema makes use of formal structures
called ontologies such as the Sequence Ontology [Eilbeck Genome Bi-
ology 2005, Mungall Journal of Biomedical Informatics (SO) 2010]
to represent complex biological phenomena in a flexible and expres-
sive fashion . The modularity and flexibility of this schema led to its
widespread adoption for a number of model organism projects, as well
as a number of genomic analyses [Yandell PLoS Computational Biology
2006]
3. The initiation and development of a number of biological ontologies
forming the framework of the OBO Foundry[Smith Nature Biotechnol-
ogy 2007], and the development of tools and methods for enhancing the
content and expressivity of these ontologies such that logic program-
ming and automated reasoning engines can be used [Mungall Compar-
ative and Functional Genomics 2004], [Mungall Genome Biology 2010,
Mungall Journal of Biomedical Informatics (GO) 2010].
4. The development of a number of tools that present complex genomic
data to researchers in a visually intuitive way, and allow knowledge to
be acquired from domain experts.
5. The exploration of the relationship between genotype and phenotype,
at the allele level[Yandell PLoS Computational Biology 2008], and at
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the phenome level[Washington PLoS Biology 2009] using multiple inte-
grated ontologies spanning multiple species[Mungall Genome Biology
2010].
8.2 Next Generation Information Systems and Trans-
lational Research
High-throughput biology and next-generation sequencing technology promises
to deliver unprecedented quantities of heterogeneous data. Translating this
into meaningful biomedical results will require sophisticated information sys-
tems for data analysis, integration and knowledge-based interpretation.
The components of these next-generation information systems include:
a flexible analysis pipeline and workflow system for analyzing genome-
scale data across multiple processors; a powerful database system and
multiple expressive ontologies for structuring data and knowledge; a suite
of knowledge acquisition and visualization tools embedded in a distributed
architecture.
These next generation systems will be invaluable tools for translational
research. This thesis describes work applying these systems to combine and
reason over data and knowledge from multiple genotype-phenotype sources,
demonstrating a method for identifying candidate genes, pathway members
and models for human diseases. By extending and refining these systems
it should be possible to explore further the pathological processes, genetic
mechanisms and shared evolutionary mechanisms underlying diseases, taking
advantage of the ever-increasing volume of functional genomics data.
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